Trapline foraging, a behavior consisting of repeated visitation to spatially fixed resources in a predictable sequence, has been observed over diverse taxa and is important ecologically for efficient resource gathering. Despite this, few null models exist to test the significance of suspected traplines, particularly for studies interested in the role of individual decision-making in the formation of traplines versus the role of resource layouts and random movement patterns. Here, we present a spatially explicit, individual-based null model, which may be used to test whether resource layout and realistic forager movement may account for sequence repeats in suspected traplines. In our model, we generate resource visitation sequences by modeling a forager without spatial memory using a random walk to discover and visit spatially fixed resources. We quantify traplining using Determinism, a metric derived from recurrence quantification analysis. Using both simulated and empirical bee foraging data, we compared our model with 2 existing null models-a completely random model and a sample randomization model. The former creates null sequences by randomly selecting available resources, whereas the latter randomizes the order of visits in observed sequences. We found that our model has a higher propensity of being (correctly) rejected than a sample randomization model for trapliners, and a lower propensity of being (incorrectly) rejected for nontrapliners compared to a completely random model. The use of a spatially explicit individual-based null model to test the statistical significance of patterns in empirical data is a novel approach that may be useful for other spatial and individual-based processes.
INTRODUCTION
Trapline foraging, where animals repeatedly visit spatially fixed, replenishable resources in a predictable order (Thomson et al. 1997) can increase foraging efficiency by allowing foragers to minimize travel and search times between resources (Ohashi et al. 2007; Saleh and Chittka 2007; Lihoreau et al. 2011; Lihoreau et al. 2012a) , giving them a competitive advantage over non-traplining foragers (Ohashi et al. 2008; Ohashi and Thompson 2009) . These advantages are perhaps reflected in the taxonomically widespread adoption of traplining as a foraging strategy, in organisms including a variety of bee taxa (Janzen 1971; Ackerman et al. 1982; Buatois and Lihoreau 2016) ; hummingbirds (Gill 1988; Tello-Ramos et al. 2015) , vultures (Deygout et al. 2009 ); bats (Woodsworth et al. 1981) ; and other mammals including rats, opossums, and primates (Garber 1988) .
Complex cognitive processes, including spatial reference memory and iterative learning heuristics, are proposed drivers of trapline foraging behavior (Saleh and Chittka 2007; Lihoreau et al. 2012b; Lihoreau et al. 2013; Reynolds et al. 2013) , which makes traplining a common system for studying spatial memory and learning heuristics for complex routing problems (Lihoreau et al. 2011; Lihoreau et al. 2012a) . Although traplines are used to study spatial memory, they may also form as an artifact of other foraging strategies that do not require spatial memory such as nearestneighbor movements (Lihoreau et al. 2012a ) and strategies where bees travel farther or turn back after encountering non-rewarding resources, including near-far search and area-restricted searching. (Ohashi and Thomson 2005) . Due to the prevalence of the behavior in pollinators including bees and hummingbirds, traplining is also frequently studied in terms of its functional implications for plant pollination, since traplines incorporating conspecific flowers may enhance conspecific pollen transfer (Ohashi and Thompson 2009) .
Few statistical tools, however, are available for testing the statistical significance of suspected traplines. An appropriate null model for traplining is especially important for distinguishing between patterns due to navigational learning and decision-making versus random search processes (Bartumeus et al. 2016 ) and innate characteristics such as sight distance. Null models (i.e. pattern-generating models based on randomization of data or random sampling from a specified distribution) are used to test the statistical significance of biological processes by deliberately excluding the mechanism of interest (Gotelli and Graves 1996) . In the case of traplining, null models that exclude the use of spatial memory may be used to test the statistical significance of memory-driven traplining behavior observed in empirical data. In the past, the difficulty of creating a relevant null model has led many studies to only compare different foragers (i.e. is one forager traplining more than another?) rather than making comparisons against a null model (i.e. is a particular forager traplining?) (e.g. Thomson et al. 1997) .
The flexibility and specificity of pattern-generating null models can often make it difficult to select the most appropriate model (Harvey et al. 1983) . Many null models contain hard-to-define parameters and can make model results susceptible to higher Type I (Wilson 1995) and Type II statistical errors (Grant and Abbott 1980) . Type II error, or the failure to reject a false null hypothesis, may occur when the mechanism of interest is accidentally incorporated into the null model (Colwell and Winkler 1984; Gotelli 2001) . Type I error, or the incorrect rejection of a true null hypothesis, may occur if there are several independent mechanisms that can cause a pattern to deviate from the null expectation that are not accounted for in the model (Wilson 1995) . For a researcher interested in testing only one of several mechanisms that generate similar patterns, it is important to formulate a null model that accounts for the other possible mechanisms. An ideal null model for traplining should result in low Type I and Type II statistical errors when used to test the statistical significance of empirical data.
Two types of null models currently exist for traplining: a completely random null model and a sample randomization null model. We hypothesize a completely random null model will often lead to high Type I statistical error when used to test the significance of empirical data because the model assumes an equal probability of transitioning between any pair of resource points ( Figure 1A ; Thomson 1997; Saleh and Chittka 2007) . Since predictable patterns may emerge due to the spatial structure of resources and limitations of forager movement (i.e. foragers cannot teleport) this type of null model will be too easy to reject. Sample randomization null models do not suffer from these problems since they generate null sequences by randomizing observed distances and turning angles between resources from empirical data (Ohashi et al. 2007 ). However, since distributions of angles and distances are heavily influenced by the level of traplining itself, we hypothesize that these tests may lead to high Type II error by accidentally incorporating the mechanism of interest (Colwell and Winkler 1984; Gotelli 2001) . For instance, a forager with a high level of traplining could have very low variability in travel distances and turning angles in regularly spaced resource configurations (see, for example, Figure 1B ). Null sequences generated from such regular traplines would likely follow very similar or identical routes, which would make the null model very difficult to reject in cases where traplining behavior is most pronounced (i.e. high Type II error). This is particularly likely to happen in experimental arrays containing few resources, where most studies that carefully measure traplining occur.
In this paper, we address the main shortcomings in the statistical analysis of traplines by proposing and assessing a new null model for comparison with empirical foraging sequence data: a spatially explicit individual-based (SEIB) null model. In our SEIB model, we deliberately exclude spatial memory of the modeled "agents" to statistically test whether repeats in observed foraging sequences are driven by the spatial layout of resources and realistic forager movements. We selected this as our null hypothesis since it is pertinent to the majority of traplining studies, which examine traplining as a model system for complex cognitive processes. We compare the proposed null model with existing methods for trapline foraging: a completely random null model and a sample randomization igure 1 Role of resource layout for testing the significance of spatial memory use in trapline foraging. (Points represent resources and arrows represent foraging movements.) (a) In a completely random null model, there is an equal probability of visiting any resource point (P 1 =P 2 =P 3 =P 4 =P 5 ). However, more distant resources are less likely to be encountered by chance due to realistic forager movements (P 3 < P 1 , P 2 , P 4 , P 5 ). Null models which do not incorporate differential probabilities of resource visitation due to spatial layouts may lead to high type I error. (b) Null models which randomize travel distances and turn angles may lead to high type II error when foragers consistently utilize uniform traplines. Strong traplining may result in a decreased range of turning angles and travel distances, which may lead to a large number of sequence repeats in null model sequences.
test (Ohashi et al. 2007 ) using both real empirical and hypothetical sequence data. Though there is no standard sequence predictability threshold required to definitively classify behavior as "traplining," we were able to compare the relative propensities of the three null models to be either accepted or rejected. We hypothesize that the null model presented here will be less likely to be (incorrectly) rejected compared to a purely random null model and more likely to be (correctly) rejected compared to a sample randomization null model. We test the SEIB null model's sensitivity to a range of different resource abundances, sensory inputs, and movement patterns. Finally, we assess the strengths and weaknesses of using SEIB models for testing the statistical significance of empirical data for individual-based and spatially explicit problems, which are now at the forefront of ecology.
METHODS

Overview
We developed a SEIB null model for trapline foraging in NetLogo (Wilensky 1999; see Online Resource 3) . This null model is designed to test whether realistic limitations on forager movement and an explicit spatial structure of resources can drive predictability in foraging sequences. We use this null model to test the statistical significance of traplining in: 1) novel foraging data; 2) data from the literature; and 3) simulated data. We further compare the performance of our new null model for these three datasets with two alternative null models: a completely random null model and a sample randomization null model (Ohashi et al. 2007 ). Finally, we test the sensitivity of the null model to several parameters including resource abundance, sight distance, and movement type.
NetLogo null model description
The model is comprised of 2 agent types: foragers, which may travel throughout the field, and resource points, which are fixed in space. For comparison with empirical data, we input the spatial arrangement of resources to reflect the known locations of resources in the empirical experiments of bee foraging. For our sensitivity analysis of resource density, resources are spatially distributed according to a random uniform distribution. We examine one forager per simulation. In the model, space is unitless but may be assigned units for applications to specific study systems.
Foragers (individual agents) make decisions using several rules, which operate in combination to create foraging sequences ( Figure 2 ). First, foragers scan for a resource within their detection distance (Figure 2 , step 1), and evaluate whether any resources are within sight (step 2). If so, foragers evaluate whether the resource was one of the two most recently visited flowers (step 4). This restriction was added because even in the absence of spatial memory, bees are known to use chemical cues to avoid flowers they most recently visited (Goulson et al. 1998; Goulson et al. 2001) . Similarly, mice, bats, and primates can use scent to avoid retracing their paths when searching for new resources. If there are no resources (step 2) or all resources were recently visited (step 4), foragers move one step in the field according to a random or correlated random walk (step 3), with new headings drawn from a Wrapped Cauchy Distribution (Wu et al. 2000) . Finally, foragers begin the process again by scanning for floral resources (step 1).
If, at step 2, there is only one resource available within sight that was not recently visited, that resource is chosen automatically. If multiple resources are available within sight, the forager must choose which to visit (step 5). In our base model, foragers select among multiple flowers in sight at random, but we evaluated other agent decision rules in a sensitivity analysis (see Online Resource 1 Fig. A3 ). After the forager has chosen a resource, the forager travels directly to the resource in a straight-line approach (step 6). The forager handles the resource in one time step (step 7) and begins the process again by searching for another resource (step 1).
Sample randomization null model description
Sample randomization tests generate null sequences using the distribution of travel distances and turning angles between resources in observed foraging sequences from empirical data (as in Ohashi et al. 2007 ). We created null sequences for both the Lihoreau dataset and the Emory foraging chamber dataset by randomly selecting distances and turning angles from the observed distributions. We assigned separate distributions to the center and edges of the field as in Ohashi et al. (2007) , using the current position of the forager to determine which distribution to draw from. We then chose the resource closest to the selected distance and turning angle as the next resource in the foraging sequence. The model was created using the R statistical programming language (R Core Team 2014) and is available online (Online Resource 1).
Comparison with empirical data
We tested the statistical significance of traplines in individual foraging sequences relative to all 3 null models using a permutation test (Figure 4 ). We used 2 different empirical datasets: 1) the publicly available "Lihoreau" dataset, consisting of bumble bee (Hymenoptera: Apidae: Bombus terrestris) foraging sequences collected by Lihoreau et al. (2012a) , and 2) the "Emory" dataset, which consists of observations of Bombus impatiens from a laboratory foraging enclosure at Emory University (Ayers C, Brosi B, Dobbs E, unpublished data; see Online Resource 2 for foraging sequences).
The "Lihoreau" dataset (Lihoreau et al. 2012a ) was collected in an artificial foraging enclosure designed to study the optimality of traplines. The data consist of observations from 8 individual bees in Model flowchart: (1) Look for a resource; (2) determine whether there are one or more resources in the detection distance; (3) move one unit of space according to a random or correlated random walk; (4) determine whether all of the resources in the detection distance are either the last or second to last flower visited; (5) randomly choose one resource which was not visited recently; (6) travel to flower using a straight-line approach; (7) handle resource.
a foraging enclosure with 6 artificial flowers and a nest box. Rewards were calibrated so that bees would return to the nest box after approximately 6 visits. Each bee was observed for 80 foraging bouts, and artificial flowers were refilled at the end of each bout. The location of the flowers was set up so that nearest-neighbor movements would not lead to the most efficient trapline (Lihoreau et al. 2012a) , and the consistent level of rewards across flowers prevented bees from using near-far search and area-restricted searching behaviors, which rely on variability in rewards (Ohashi and Thomson 2005) . Our model recreated the foraging bouts in Lihoreau et al. (2012a) by automatically changing the location of the forager to the nest box after every 6 visits. For our analysis, we split the dataset into the first and last 100 visits of each individual bee to examine inexperienced versus experienced foraging separately.
For the "Emory" dataset, we measured the traplining behavior of B. impatiens in a laboratory foraging enclosure approximately 0.74-m deep by 2.27-m wide by 0.75-m tall with 32 artificial flowers (approximately 20 to 25 cm apart) with 4 artificial flower "species" differing in sucrose molarity, color, and scent. Artificial flower species were distributed uniformly throughout the enclosure. Sucrose replenishment was computer-controlled, and bee behavior was tracked automatically using RFID-tag technology. The dataset includes foraging sequences from 955 individual B. impatiens from 68 trials and 10 different B. impatiens colonies. Trials were 75 min long and each consisted of 16 B. impatiens from the same colony. We selected the 16 bees at random, including some that had previously been in trials, so both the level of experience of bees and the proportion of experienced bees varied between trials. Foragers were placed at a random spatial location in the foraging chamber (the nest box was located in a separate enclosure), so we modeled bees with a random starting location.
For this analysis, we focused on the 8 most active bees from the "Emory" dataset to match the number of observations in the "Lihoreau" dataset (see Online Resource 2 for foraging sequences). We did not expect to find significant traplining from the "Emory" bees since the foraging setup was not conducive to traplining, particularly due to the close proximity, uniform distribution, and fast replenishment of resources.
To compare the NetLogo model with empirical data, we incorporated the experimental resource layout for each dataset into the model. We ran the model until the number of visits equaled the mean number of visits for each set of observed bees. For all 24 observed sequences, we ran each null model 999 times. We quantified traplining using Determinism (DET), a metric derived from recurrence quantification analysis, which can be used to quantify sequential behaviors (Ayers et al. 2015) . DET in a traplining context is the proportion of revisits to a resource that belong to a repeated trapline of a specified minimum length.
DET
Number of visits belonging to a repeated sequence with = length l Total number of visits to resources which recei
Where 'l' represents the minimum length of a repeated sequence to be considered a trapline (Ayers et al. 2015) . We used a minimum trapline length of 4 resource points, and we analyzed the sensitivity of the results to minimum trapline length (see Online Resource 1 Table A2 ).
Comparison of models using simulated data
We also estimated the probability of rejecting the null model using simulated foraging data with differing levels of predictability. We randomly generated trapline sequences by altering the probability of repeating a past transition based on a fixed trapline sequence. We created a short base sequence at the beginning of each generated sequence to set the initial transition pairs. Each base sequence consecutively listed all available resources, before returning back to the first. For example, to generate sequences with 6 total flowers, the base sequence would always be 1,2,3,4,5,6,1. For each additional visit, there was a set probability of repeating the last transition that occurred the previous time the forager visited the current resource. If the forager failed to repeat the last transition it made from the current resource, the model would randomly choose one of the remaining resources, excluding the current resource (i.e. a bee could not transfer between flower 1 and flower 1). We created 100 simulated sequences with a length of 60 resource visits for all 17 levels of predictability between 20% and 100% probabilities of repeating a past transition. For each of the 1700 hypothetical sequences, we ran each of the three null models 99 times. Using a permutation test for significance, we calculated the probability of rejecting each null model at each level of predictability (Figure 3 ). We calculated P values for the significance of traplining using the proportion of the time the DET of the simulated sequence was greater than the null model sequences. We repeated this process for each of the three models and for each level of our "percent chance of repeating a past transition" variable. As we do not have an objective quantitative definition of what constitutes a trapline, we cannot precisely measure Type I and Type II statistical error. However, we are able to examine the relative propensity of each model of being accepted or rejected when compared with empirical data. Models that are easily Effect of sequence predictability on the probability of rejecting the null hypothesis (where H 0 : absence of traplining behavior and H 1 : presence of traplining) for the proposed NetLogo model and 2 existing null models.
The determinism values (i.e. level of sequence predictability) corresponding to the percent chance of repeating a past transition are shown on the secondary x-axis. For each of the 1700 hypothetical sequences, we ran each of the three null models 99 times, for a total of 504 900 runs. We found that the random model is more likely to reject the null hypothesis for low levels of traplining (potential Type I error), while the sample randomization model is more likely to fail to reject the null hypothesis for intermediate levels of traplining (potential Type II error).
rejected when traplining is not expected would likely have high Type I error, whereas models that are not easily rejected for expected traplining sequences would likely have high Type II error.
Sensitivity analysis
We performed a sensitivity analysis for several parameters, including resource abundance, detection distance, and movement type (random vs. correlated random walks). We also examined model output in the case where foragers are more likely to choose closer resources when multiple resources are in view (see Online Resource 1 Fig. A3 ). We specifically examined the interaction of sight distance with movement type (Figure 5 ) using a minimum trapline length of 6 resource points for our DET metric (Ayers et al. 2015) . We examine low, medium, and high sight distances (corresponding to model parameters of 10, 20, and 30, respectively). We utilized three different movement types: a random walk, a walk with low levels of correlation, and a high level of correlation (with model parameters of 0, 0.3, and 0.9, respectively). Foragers utilizing a correlated random walk will on average move farther from their initial starting point than foragers using a random walk (Kareiva and Shigesada 1983 ). In our model, foragers with a highly correlated random walk have a Mean Squared Displacement of 68.7 after 10 movements, whereas foragers with no correlation will have a Mean Squared Displacement of 9.7 after 10 movements.
We ran an additional sensitivity analysis with parameters more specific to the study system and experimental setup of Lihoreau et al. (2012a) to show how the model behaves in a more biologically relevant parameter space. We used the model to generate 900 sequences each with a length of 80 resources, and we looked at a sight distance of 80, 140, and 200 cm (which corresponded to model parameters of 2, 4, and 6). We examined the CRW with parameters 0.6, 0.7, and 0.8. For this analysis, we selected the CRW parameter values that generated movement patterns most similar to our observations of bee search behavior in the Emory foraging chamber.
We calculated the sight distances using the formula provided in Spaethe et al. 2001 , which depends on the size of the flower, the bee flight height, and the maximum angle of bee vision. We used an angle of 15° (Spaethe et al. 2001 ), a flower diameter of 2 cm (Lihoreau et al. 2012a) , and a maximum flight height of 199 cm due to the height of the flowers and the foraging enclosure (Lihoreau et al. 2012a ). Our range of sight distances was consistent with an estimate of 82 cm detection distance for a 2 cm flower from Macuda et al. 2001 . Of course, the exact value depends on factors such as flight speed, flower color and contrast with the background (Spaethe et al. 2001) , variation in eye size (Spaethe and Chittka 2003) , and luminance levels (Macuda et al. 2001) .
For all the sensitivity analyses, we used generalized linear models (GLMs) with binomial errors to statistically test the response of DET (e.g. the level of traplining) to changes in null model parameters (as in Ayers et al. 2015) . Analyses were performed using R (R core team 2014).
RESULTS
Null model comparison using simulated sequence data
We first compared the proposed null model with completely random and sample randomization null models using hypothetical foraging sequence data with varying levels of predictability. For each level of percent probability of repeating a past transition, we tested for significant traplining (where H 0 : absence of traplining behavior and H 1 : presence of traplining). We found that a completely random null model has a 95% probability of rejecting the null model with only a 62% chance of repeating a past transition, corresponding to a determinism score of 0.25 (Figure 3) , which by most criteria would not be considered a strong trapline. Our NetLogo model finds significant levels of traplining sequences at 69% probability of repeating a past transition (DET = 0.39; Figure 3 ), while the sample randomization model would reject the null hypothesis for levels of sequence predictability greater than 72% (DET = 0.45; Figure 3 ). For intermediate levels of traplining, the sample randomization model is less likely to detect significant traplining than the proposed NetLogo model. Thus, relative to the proposed model, the random model may be susceptible to high Type I statistical error when identifying traplines, whereas the sample randomization null model may be susceptible to high Type II statistical error (Figure 3 ). Sample randomization tests may be particularly prone to error when there are few resource points per quadrant (e.g. center, corner, or edge). Since most lab and field studies of traplining use only a small number of resource points, this problem is very likely to occur when applied to empirical sequence data.
Null model comparison using empirical sequence data
We compared null model output with two sources of empirical data (i.e. the "Lihoreau" and "Emory" datasets; see Methods). We divided foraging sequences from "Lihoreau" into experienced and inexperienced foraging using the first and last 100 visits of each bee.
As with the hypothetical sequence data, we found that the proposed null model had an intermediate significance cut-off level compared to the random and sample randomization models ( Figure 4A ). For the dataset without suspected traplining (i.e. "Emory" in Figure 4A and B), we found that on average all three models correctly failed to reject the null model. However, the completely random model rejected the null hypothesis for specific individuals (see Online Resource 1 Table A3 ), which contradicted the findings of the NetLogo and sample randomization models. For the Lihoreau (2012a) dataset with experienced bees, all 3 null models easily rejected the null hypothesis (P < 0.001; Figure 4B ). For the less experienced bees, with unknown levels of traplining, the sample randomization model found that 2 of the 8 bees did exhibit significant traplining, while the proposed spatially explicit model found that 5 out of 8 bees were traplining more than expected by realistic movements and resource layout alone ( Figure 4B ).
Sensitivity analysis of NetLogo null model
We performed a sensitivity analysis of the NetLogo model by varying key parameters including sight distance and the degree of correlation in the random walk. First, we ran a sensitivity analysis covering the full range of parameters to show the full behavior of our SEIB model, even at extreme values. Second, we ran a more refined sensitivity analysis over parameters that we determined were more relevant to the study system and experimental setup in Lihoreau et al. (2012a) . In both cases, we calculated significance cut-off levels and compared determinism levels with experienced or inexperienced foragers from empirical Bombus data (Lihoreau et al. 2012a) . We expected to find significant traplines for experienced bees, and less significant traplining for the inexperienced bees.
In our first sensitivity analysis, we found that the effect of sight distance on estimated determinism followed a sinusoid pattern that interacted heavily with the degree of correlation in the random walk ( Figure 5A ). For 5 out of 8 experienced bees, the model found significant traplines for all combinations of parameter values (compare Figure 5A and B). Many combinations of parameter values resulted in finding significant traplining in the inexperienced bees, where we would expect lower levels of traplining. Using the intermediate parameter values for sight distance (sight = 20 in Figure 5 ) and the degree of correlated movement (CRW = 0.3 in Figure 5 ), however, we found all but one experienced bee had significant traplining, while none of the inexperienced bees used significant traplining.
In our second sensitivity analysis (Figure 6 ), the DET cut-off level increased with greater sight distance, while the degree of correlation in the CRW had little to no effect. We found less overall variation in the DET cut-off level over this range, with a minimum of 0.0282 at a sight distance of 80 cm to a maximum of 0.208 for a sight distance of 200 cm. In this analysis, the model found that at least 6 out of 8 experienced bees had significant traplines for all combinations of parameter values. At high sight distances (200 cm), 2 of the 8 experienced bees were found not to have significant traplines; whereas at intermediate values and below (80-140 cm), all bees were found to be significantly traplining. For inexperienced bees, which we would not expect to trapline, when there was a low sight distance (80 cm), 4 out of the 8 inexperienced bees were found to be traplining. However, with an intermediate to high sight distance (140-200 cm), the model found that none of the inexperienced bees were using traplines.
DISCUSSION
Our proposed approach of using a SEIB null model can be readily expanded to other ecological and behavioral questions, since spatially explicit and individual-based processes are currently at the forefront of ecology. Models for spatial problems, which began being used in ecology to model random movement and dispersal (Turner et al. 1993; Carter and Finn 1999; Bartumeus et al. 2005; Jopp and Reuter 2005) and vegetation patterns (Jeltsch et al. 1996; Sato et al. 2007) , are growing in popularity because of the important role space plays in many ecological factors, including maintenance of biodiversity (Rahbek et al. 2007; O'Dwyer and Green 2010) , species invasions (Cadenasso and Pickett 2001) , food or oviposition site choices (Lancaster et al. 2003) , and host parasite interactions and disease dynamics (Tilman and Kareiva 1997; Ramsey and Efford 2010; Dion et al. 2011) . Individual-based models are also becoming of greater interest in ecology, where variation in individual behavior may drive ecological patterns, including foraging specialization or niche complementarity (Heinrich 1976; Bolnick et al. 2002 Bolnick et al. , 2003 Bolnick et al. , 2010 . In such cases where aggregating at the population level can obscure the mechanism of interest, individual-based models are needed to understand the effects of individual variation.
We expand on this growing body of research by creating a SEIB null model designed to test the statistical significance of patterns in empirical data. Existing SEIB null models have been nearly always used to test the significance of features in other closely related SEIB models (Grimm et al. 2005) . When SEIB models are compared with empirical data, it is nearly always for the purpose of model selection and validation of the chosen model (Grimm et al. 2005) . In this paper, we advance the use of SEIB models in ecology by creating a SEIB null model specifically designed for testing the relative significance of space and individual movement versus other factors of interest (e.g. spatial cognition in foragers).
Traplining is a good candidate for this type of null model, since it is both spatially explicit and individual-based, and it is a non-binary process with no objective quantitative definition of what constitutes a trapline. Using trapline foraging as a case study, we demonstrate how to use individual-based null models to test the significance of suspected traplines in empirical bumblebee foraging data, and we compare results with existing non-spatially explicit null models for traplining.
We compared our proposed model with existing non-spatially explicit models by calculating their relative tendencies of being accepted or rejected. We found that the proposed null model was less prone to being (incorrectly) rejected compared with a purely random model, and more likely to be (correctly) rejected compared with a sample randomization model. In our analysis of empirical data, the completely random null model incorrectly rejected the null hypothesis (e.g. detected significant traplines; Figure 4 ) in sequences without suspected traplines, and the sample randomization null model failed to reject the null model for sequences from the less experienced bees (Figure 4 ). Although we would not expect to see traplining in completely naïve bees, our results show that "Lihoreau" bees achieved a moderate level of traplining within their first 100 flower visits, which was more difficult to detect using the sample randomization null model. Our use of an individualbased model for null model generation to compare against empirical data is, to our knowledge, a novel approach.
We also demonstrate how to determine which parameters are most important for the formation of the null model by performing a sensitivity analysis of the model to several key parameters. We found the most influential factor driving the degree of sequence repeats in the proposed null model was resource abundance (Online 
Figure 6
Sensitivity analysis of the determinism (DET) level required to reject our spatially explicit null model with 95% confidence within the parameter space most relevant to the experimental setup in Lihoreau et al. (2012a) dataset. We examined 900 sequences each with a length of 80 flowers.
Resource 1 Fig. A1 ), which may be straightforward to quantify in laboratory setups but potentially difficult in field settings. Generally, sequence repeats were more prevalent in lower resource density settings compared to high-resource settings, though when sight distance was very small this relationship reversed (Online Resource 1 Fig. A1 ). The type of movement (e.g. random vs. correlated random walk) interacted with sight distance, such that a forager using a random walk had a greater sequence predictability at very high or very low sight distance ranges, whereas sequence predictability for foragers using a correlated random walk was highest with intermediate sight distance levels (Online Resource 1 Fig. A2 ). For parameters which are difficult to quantify and potentially influential, such as sight distance, it is possible to analyze the null model output over a range of possible parameters (as demonstrated in Figures 5 and  6 ). The relative ratio of parameters may also be important, for instance, in field settings with a large number of resources, foragers with low detection distances would only be able to view a small proportion of total available resources. We would therefore expect very few sequence repeats to occur by chance.
Parameters that are particularly influential for a study system may also be targeted for further empirical investigation to narrow the range of possible values. For example, there has been work on bee detection distances (e.g. Macuda et al. 2001; Spaethe et al. 2001; Spaethe and Chittka 2003) and bee searching behavior (e.g. Reynolds et al. 2007 Reynolds et al. , 2009 , which can be used to greatly narrow down parameter values. For other study systems, random walk behaviors can be determined by observing animal movement patterns while they search for resources (e.g. Mårell et al. 2002) , especially before the first resource has been discovered. In the field, this may be achieved with global positioning system (GPS) radio collars (Fortin et al. 2005) or with harmonic radar (Reynolds et al. 2007; Lihoreau et al. 2012b) . Experimental setups like the Y-maze (Macuda et al. 2001; Spaethe and Chittka 2003) , where animals must choose between 2 arms of a maze which are visible from a decision point a set distance away, can be used to test sight distance or other decision rules.
The null hypothesis tested here, that sequence repeats occur due to the spatial geometry of resources and realistic forager movement, is relevant to the majority of traplining studies, which are typically interested in complex learning and decision-making processes. Such studies occur most frequently in low resource-abundance settings, particularly in artificial foraging enclosures, where we found resource layouts are most likely to drive the level of sequence repeats. Our model also has implications for traplining studies at large spatial scales, where bees are perhaps most incentivized to form traplines to save energy (Lihoreau et al. 2012b) . We found that bees with a low sight distance and a highly correlated walk, as would likely be the case at larger spatial scales, had a higher probability of forming a consistent trapline by chance. Our model may be used to parse out how much sight distance, the type of walk, and the location of flowers drives traplining versus these other factors. A spatially explicit null model is therefore important to test whether observed traplines are due to the cognitive process of interest or the specific geometry of resources in the experimental design.
SEIB null models are a much-needed tool for statistically testing the significance of space and individual variation in driving ecological patterns. For instance, SEIB null models may be useful to test how innate or learned individual variation and space interact to influence processes including maintenance of biodiversity, species ranges, species invasion or migration, and disease spread. Better understanding the effects of space and individual variation will enhance our ability to understand other factors of interest, such as the role of memory and cognition in foraging. We expect SEIB null models like the one presented here will play an increasingly important role in advancing the emerging fields of spatial and individual ecology.
